Abstract. Persistent scatterer interferometry (PSI) techniques using amplitude analysis and considering a temporal deformation model for PS pixel selection are unable to identify PS pixels in rural areas lacking human-made structures. In contrast, high rates of land subsidence lead to significant phase-unwrapping errors in a recently developed PSI algorithm (StaMPS) that applies phase stability and amplitude analysis to select the PS pixels in rural areas. The objective of this paper is to present an enhanced algorithm based on PSI to estimate the deformation rate in rural areas undergoing high and nearly constant rates of deformation. The proposed approach integrates the strengths of all of the existing PSI algorithms in PS pixel selection and phase unwrapping. PS pixels are first selected based on the amplitude information and phase-stability estimation as performed in StaMPS. The phase-unwrapping step, including the deformation rate and phase-ambiguity estimation, is then performed using least-squares ambiguity decorrelation adjustment (LAMBDA). The atmospheric phase screen (APS) and nonlinear deformation contribution to the phase are estimated by applying a high-pass temporal filter to the residuals derived from the LAMBDA method. The final deformation rate and the ambiguity parameter are re-estimated after subtracting the APS and the nonlinear deformation from that of the initial phase. The proposed method is applied to 22 ENVISAT ASAR images of southwestern Tehran basin captured between 2003 and 2008. A quantitative comparison with the results obtained with leveling and GPS measurements demonstrates the significant improvement of the PSI technique.
Introduction
Monitoring the deformation rate of ground subsidence is critical for hazard management. Interferometric synthetic aperture radar (InSAR) provides precise measurements of surface deformation caused by land subsidence. However, temporal and geometrical decorrelation often prevents conventional interferometry from being an operational tool for surface deformation monitoring. Persistent (or permanent) scatterer interferometry (PSI) is a recently developed technique used to address temporal and spatial decorrelations by identifying pixels with persistent scattering behavior in time. Several PSI algorithms have been introduced to identify PS pixels and estimate deformation rates. Although each algorithm has a wide range of advantages, each faces various limitations. One of these algorithms, developed by Delft University of Technology, is the Delft implementation for persistent scatterer interferometry (DePSI), in which PS pixels with small amplitude dispersion are selected. 1, 2 DePSI can be successfully performed in areas containing large numbers of high-amplitude scatterers provided by human-made structures. 1, 2 However, this algorithm fails to identify PS pixels in rural areas lacking bright scatterers because of the use of amplitude analysis only in the PS identification step. This algorithm is further limited because only scatterers with a deformation behavior close to a predefined functional model can be identified as PS pixels, and such a predefined model might not be available in most cases.
Hooper 3 introduced a new PSI method, the Stanford method for PS (StaMPS), which uses the spatial correlation between pixels to identify PS pixels and estimate the deformation rate. As no a priori temporal model of the deformation is required for the identification of PS pixels, this approach is applicable in areas undergoing unsteady deformation. Moreover, PS pixels in areas lacking human-made structures can be detected using amplitude analysis followed by phasestability estimation. However, accurate phase unwrapping in StaMPS is possible only when the absolute phase difference between nearby PS pixels in time or space is less than π. 3, 4 This limitation leads to the violation of the Nyquist sampling assumption and consequently the underestimation of the deformation rate in areas with a high deformation rate or poor temporal sampling of data. 5, 6 Dehghani et al. 6, 7 presented a hybrid method of conventional interferometry and PSI to increase the performance of StaMPS for monitoring land subsidence in rural areas with high deformation rates. To reduce the deformation rate and fulfill the Nyquist sampling criterion, the linear component of deformation, which is much more significant than the seasonal component, is subtracted from the wrapped phase of each interferogram. The linear component is extracted by stacking a number of coherent interferograms that can be spatially unwrapped. 8 After unwrapping the residual phase, based on the Nyquist assumption, the linear term is added back to the unwrapped phase. However, the drawback of this method is the limited availability of radar data with good temporal sampling frequencies and coherent interferograms for linear term estimation.
Wegmuller employed TerraSAR-X data with higher spatial resolution and shorter repeat intervals to improve the applicability of PSI for high-deformation-rate measurements. 9 The spatial phase unwrapping is significantly improved by the dense candidate PS network provided by the high spatial resolution. Moreover, the complexity of the phase unwrapping is reduced by small time intervals, which decrease the quantity of deformation occurring between two data acquisitions. This method is applicable whenever TerraSAR-X data are available, which is probably not always the case.
The primary purpose of this paper is to present an enhanced PSI (EPSI) algorithm that combines the merits of different algorithms to enable the application of PSI for a difficult test case, i.e., a rural area with a high deformation rate and poor temporal sampling of the data. The proposed method applies the amplitude and phase analysis used in StaMPS for PS identification. However, it also uses the LAMBDA method applied in DePSI for temporal phase unwrapping. This can enable us to accurately estimate high, nearly constant deformation rates in rural areas lacking human-made features. The proposed method was applied to an area subject to land subsidence induced by the overexploitation of groundwater.
The study area is located in the southwestern Tehran basin, primarily covered by agricultural fields (Fig. 1) . Because the area is highly subject to temporal and spatial decorrelation due to the poor sampling of the radar dataset, conventional small baseline subset (SBAS) interferometry fails to measure the deformation. Moreover, neither the DePSI nor StaMPS algorithms can be applied to the area due to the lack of human-made structures and the high deformation rate, respectively. 6, 7 Thus, using the EPSI method, we could successfully estimate the high deformation rates in the southwestern Tehran basin.
Enhanced Algorithm of Persistent Scatterer Interferometry
The EPSI algorithm, presented in Fig. 2 , contains two main parts, each discussed in detail in Secs. 2.1 and 2.2-2.4. The first part, including the PS identification and spatially uncorrelated
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Step 7. Final Estimate for the Linear Component of Deformation Fig. 2 Flow chart of the enhanced algorithm proposed in this study. phase component removal, is performed according to the standard StaMPS method (steps 1-4); the second part includes the phase-unwrapping process and subtraction of APS and non-linear deformation (steps 5-7).
PS Selection and Spatially Uncorrelated Phase Removal
The interferograms are first generated using a single master image maximizing the sum correlation of all interferograms. The interferometric wrapped phase of pixel x of flattened differential interferogram i can be written as a combination of the different contributions as
where ϕ D;x;i is the phase due to the ground deformation, ϕ atmo;x;i is the atmospheric phase resulting from the different atmospheric delay at the two acquisition times, Δϕ orbit;x;i is the residual phase due to orbital errors, Δϕ θ;x;i is the residual phase due to the look angle error caused by the residual topographic and subpixel position errors, ϕ N;x;i is a noise term due primarily to decorrelation, and wf·g is the wrapping operator. The candidate PS pixels were initially selected based on the amplitude dispersion index, which rejects those least likely to be PS pixels. 10 The phase stability for each candidate was then analyzed in an iterative process. In every iteration, a measure of the phase noise level, which is similar to the measure of coherence in time, i.e., temporal coherence, rather than in space, can be calculated by the estimation and subtraction of the spatially correlated parts of the interferometric phase. The final PS pixels were identified based on the probability of being PS, estimated from the amplitude dispersion and temporal coherence. After the successful selection of PS pixels, the spatially uncorrelated part of the look angle error, Δϕ u θ;x;i , and the contribution of the master image to the spatially uncorrelated part of the signal, ϕ m;u x , were estimated and removed from the original phase before the phase unwrapping. 4 As mentioned, StaMPS followed the Nyquist sampling assumption for temporal phase unwrapping. 4 However, this assumption cannot be met when the deformation rate is too high, such that the phase difference between the nearby PS increases by more than π in magnitude. 6, 7 In this case, the deformation rate is underestimated. The algorithm presented in this paper tries to use the phase unwrapping method introduced by DePSI, as discussed in Sec. 2.2, which directly estimates the phase ambiguity and the deformation rate from the wrapped phase without assuming the Nyquist sampling criterion.
Preliminary Estimate for the Linear Component of Deformation
The linear component of deformation is much more significant than the seasonal nonlinear one in most areas undergoing land subsidence, such as the southwestern Tehran basin.
6,11-13 Therefore, we used a linear deformation model in the phase-unwrapping step. In this step, the PS pixels are connected to form a network and make the double-difference measurements as the differenced phase in space and time for each arc connecting two PS pixels. Insofar as it is important to have a redundant network to enable the detection of the unwrapping error, 14, 15 Delaunay triangulation can be used to construct the network. For arc ij in the constructed network, the double-difference wrapped phase observation, ψ k ij , between the ith and jth PS in the kth interferogram can be summarized as
where a k ij is the integer ambiguity, V ij is the relative constant velocity, λ is the wavelength, φ k atmo;ij is the atmospheric phase, φ k orbit;ij is the phase of the orbital errors, φ k nonlinear;ij is the phase component due to the nonlinear deformation, φ k N;ij is the noise phase, all between the ith and jth PS, T k is the temporal baseline of the kth interferogram, and − 4π λ V ij T k is the contribution of the deformation to the phase. All terms for both the left and right sides of Eq. (2) are in radians, while T k is in years.
The APS, which is the contribution due to the atmospheric phase delay, and the orbital errors are strongly correlated in spatial space. Consequently, the double-difference phase measurements between the nearby PS pixels do not contain a significant contribution of the APS, and for points <1 km apart, a variance <0.1 rad 2 is common. 16, 17 Therefore, the contribution of the APS to the double-difference phase for arcs of a shorter length than a threshold value can be neglected, and the value of φ k atmo;ij is assumed to be zero. Moreover, the influence of the noise on the time series of each arc is minimized by applying a low-pass filtering method. The principal goal is thus to estimate the relative constant velocity and integer ambiguity from the wrapped phase for all arcs in all interferograms, assuming a constant-velocity model for target motion.
To estimate the unknown parameters, i.e., the relative deformation rate and phase ambiguities, we use the temporal unwrapping method presented in DePSI.
1,2 Because the ambiguity parameter is an integer, the approaches that can be used for integer ambiguity estimation and temporal unwrapping are the ambiguity function, 10 integer bootstrapping, 18 integer least square, 18 and LAMBDA 18 methods. In this study, we used the LAMBDA method for temporal unwrapping that maximizes the probability of the correct estimation of the integers (success rate) and can yield the optimal method for the estimation of the deformation rates. This approach can be applied quickly, and it is capable of using any variance-covariance matrix of observations.
18
Equation (2) for N interferograms is rewritten as follows by ignoring the terms of the APS, nonlinear, and noise components:
y ¼ . .
and
Equation (3) shows the functional model in which Ef·g is the expectation operator. The system is nonlinear because the unwrapped phases are not available. Insofar as each doubledifference wrapped phase has its own unknown ambiguity, in addition to its unknown velocity, pseudo-observations for the displacement parameter must be added to solve for the rank deficiency of the system of equations. 2, 18 The stochastic model is illustrated in Eq. (4), where Df·g is the dispersion. The variance-covariance matrix, Q y , is composed of the variance-covariance matrix of the phase observations estimated using the variance component estimation (VCE) according to Ref. 1 and the variance of the pseudo-observations achieved from the a priori standard deviation of the unknown parameters.
The LAMBDA method is based on the integer least-squares approach using a minimization problem. The key element of the LAMBDA method is based on reparameterizing the integer least-squares problem such that the equivalent problem is obtained while the ambiguities decorrelate. If the ambiguities were transformed and completely decorrelated in the first step, the problem would be much easier to solve. The computation of the best integer values for the transformed ambiguities according to the minimization process is the second step of the LAMBDA method. 18 After parameter estimation using the LAMBDA method, the ambiguities and constant velocities that are relative in space are spatially unwrapped to obtain the absolute values, however, with regard to a reference PS. If the residual phases (the differences between the observations and the modeled double-difference phases) resulting from the temporal unwrapping were zero, we could assume that the ambiguities were correctly estimated. However, non-zero residuals are found at the arcs of the network due to noise, model imperfections, and incorrect relative estimations at certain arcs, which are considered as unwrapping errors. 14, 15 Therefore, the unwrapping error should be detected. As discussed in Refs. 2 and 14, the arcs with very low temporal coherence estimates showing large least-squares residuals are first eliminated. In the next step, the PS pixels that are connected by fewer than three arcs are removed. Consequently, some of the selected PS pixels are removed, hereafter called removed-PS. Therefore, an estimate for the ambiguities of the remaining PS pixels, called remnant-PS, is obtained from the ambiguities of the remaining arcs. In the final step, the constant velocities of the remnant-PS pixels are estimated using the obtained unwrapped phases.
Approximation of the APS and the Nonlinear Component of the Deformation
If the spatially uncorrelated portion of the look angle error and the linear component of deformation in steps 4 and 5 of Fig. 2 are estimated correctly, the residual phase as the result of the previous step will include atmospheric delay, orbital errors, nonlinear deformation, and noise. The residual phases of all of the remnant-PS pixels per interferogram can be separated into the APS, the nonlinear component of deformation, and random noise, assuming that the atmospheric signal is uncorrelated in time but correlated in space, whereas the unmodeled deformation is correlated in both time and space. The noise is uncorrelated in both time and space. The APS of the master, which is equal to the average of the residual phases in time, for each remnant-PS is first subtracted from the initial residual phase. A temporal high-pass filter is then applied to the residual phase of all of the remnant-PS pixels to separate the APS and noise from the nonlinear deformation. 19 Finally, Kriging interpolation, acting as a noise removal filter, is employed to spatially interpolate the phase of the APS and the nonlinear deformation for all of the removed-PS.
Final Estimate for the Linear Component of the Deformation
After the approximation and subtraction of the phases due to the APS and the nonlinear deformation for each PS per interferogram from the observed phase, the linear component of the deformation should be re-estimated (step 7). Therefore, step 5 needs to be repeated at this stage in which the observations are modified. This step improves the final estimation accuracy.
Experimental Results
The EPSI method was applied to estimate the deformation rate in the southwestern Tehran basin undergoing land subsidence due to the overexploitation of groundwater. The Tehran basin is located in the north of Iran, between the Alborz Mountains to the north and the Arad and Fashapouye mountains to the south. The available data consisted of 22 descending ENVISAT ASAR images of track 149, acquired between July 18, 2003, and October 24, 2008 (see Fig. 3 ). Because the EPSI method is time consuming, three different subsets of the study area, with extents of 4.5 × 2.7 km, 5 × 3.4 km, and 4.5 × 3.6 km (rectangles a, b, and c, respectively, in Fig. 1 ), were selected for the implementation. The first subset was subject to the highest deformation rate in the Tehran basin. Therefore, it was the most suitable subset with which to assess the efficiency of the EPSI algorithm; hereafter, this subset is called the first study area, and the other subsets (rectangles b and c, respectively, in Fig. 1 ) are called the second and third. The master image was selected to maximize the stack coherence, which is a function of the temporal and perpendicular baselines and the Doppler centroid frequency. Twenty-one interferograms were then processed using the image acquired on December 24, 2004, as the master image. The Shuttle Radar Topography Mission (SRTM) digital elevation model (DEM) was used to remove the primary topographic contribution to the interferometric phase.
StaMPS was applied to select the PS pixels based on the amplitude dispersion with a threshold of 0.4 and phase analysis. As a result, 680, 624, and 296 PS pixels were identified in the first, second, and third study areas, respectively. The distribution of the PS pixels shown in Fig. 4 is not homogeneous because some regions lack PS pixels. After the estimation and subtraction of Δϕ u θ;x;i and ϕ m;u x , the PS pixels were connected to form a network using Delaunay triangulation in which the maximum distance was limited to 2 km to reduce the atmospheric effect.
The standard deviation of the displacement rate per arc was set at 0.05 m∕year in the first study area and 0.03 m∕year in the second and third study areas to construct the variance of the pseudo-observation and estimate the variance-covariance matrix of the phase observations using VCE. Note that this value has a significant influence on the estimated integer ambiguities and the deformation rates. After the estimation of the relative velocity and integer ambiguities per arc, an a posteriori variance factor was estimated asσ ¼nQ −1 yn ∕r (wheren and r are the vector of leastsquares residuals per arc for all interferograms and the redundancy, respectively). 18 Large deviation between the observations and the predefined deformation model, as in regions suffering from a high nonlinear deformation mechanism, causes error in the estimated ambiguities, resulting in large values ofn andσ. As it is formulated,σ is dependent on Q y , and aσ value of 1.0 indicates that the covariance matrix used in the estimation process correctly describes the dispersion of the observations, 14 which depends on the selected value of the standard deviation of the displacement rate. Therefore, we removed arcs withσ > threshold. The threshold value here was set at 3.2.
After removing arcs with a high a posteriori variance factor, the number of remnant-PS and removed-PS pixels became 573 and 107, respectively, in the first study area, 520 and 104 in the second study area, and 245 and 51 in the third study area. The integer ambiguities and the deformation velocities were then obtained for all of the remnant-PS pixels in each study area. After the APS and nonlinear deformation estimation and removal of all of the remnant-PS pixels, these contributions were predicted for the removed-PS pixels. The steps were repeated once, beginning with forming a network up to approximating the APS and the nonlinear deformation, with the phases compensated for the APS and the nonlinear deformation. Figure 5 shows the velocity map of the study areas from the EPSI algorithm. The maximum rates estimated for the three different subsets of the Tehran basin were 24.95, 15, and 14.5 cm∕year. The deformation time series of the selected PS pixels (as illustrated in Fig. 5 ), located in different parts of the study areas, are illustrated in Fig. 6 . The deformation time series of these points show that the subsidence behavior is linear without significant seasonal fluctuations.
Validation of the Results
To quantitatively evaluate the results in the absence of the ground-truth data, i.e., the leveling measurements taken exactly within the temporal interval of the radar data used in this study (2003) (2004) (2005) (2006) (2007) (2008) , the available leveling measurements collected in the study areas in February 2005 and February 2006 by the National Cartographic Center (NCC) were used. 20, 21 In the first, second, and third study areas, there are 6, 8, and 5 leveling stations, respectively, with second-and third-order accuracy as observed in Fig. 5 . The comparison between the results obtained from the proposed method and the leveling measurements is summarized in Fig. 7 . The leveling measurements are projected along the line of sight direction, assuming an incidence angle of 23 deg. As the figures show, the spatial pattern of the subsidence extracted from the proposed algorithm is highly similar to the leveling measurements along the leveling stations. However, the different deformation rate of the two datasets was most likely due to the different time intervals covered by the radar data (from 2003 to 2008) and by the leveling measurements (2005). In the first study area, the root mean square error (RMSE) between the leveling measurements and the EPSI results was 2 cm∕year. Across the leveling stations, the maximum deformation rate estimated from the standard StaMPS was 2.5 cm∕year, whereas the true maximum subsidence rate was approximately 20 cm∕year according to the leveling measurements. The RMSE between the leveling measurements and the results obtained from the standard StaMPS was 14.9 cm∕year. In the second and third study areas, the RMSE between the leveling measurements and the EPSI results was 1.1 cm∕year, whereas the RMSEs between the leveling measurements and the results of the standard StaMPS were 9.5 and 8.4 cm∕year, respectively. The comparison between the RMSEs obtained from the EPSI method and those resulting from the standard StaMPS algorithm demonstrated that the proposed method has significantly improved the performance of PSI. This fact confirmed the ability of the EPSI when compared with other interferometry methods to extract the deformation rate for a difficult test case, i.e., a rural area with a high deformation rate and poor temporal sampling of the available radar data.
However, if the time coverage between the leveling measurements and the radar data were the same, we would be able to more precisely evaluate the results. In addition to a different time interval, another reason for the difference between the results obtained from the EPSI and leveling measurements is probably the local unwrapping errors. There are several limiting factors that Fig. 7 Comparison of the subsidence rates inferred from enhance persistent scatterer interferometry (EPSI) and leveling in the first (a), second (b), and third (c) study area along the line-of-sight direction.
decrease the phase-unwrapping performance of the enhanced algorithm: (1) Partially poor temporal sampling of the radar data causes the unwrapping error, biasing the estimates of the deformation rate toward the values obtained from a portion of the data with better temporal sampling. Moreover, due to the poor sampling of the data in time, the nonlinear component of the deformation cannot be reliably separated from the atmospheric signal of the slave images when applying a high-pass filter in time. (2) An inappropriate value of the standard deviation of the pseudoobservations affects the parameter estimations. (3) The low density of the PS pixels causes the incorrect estimation of the APS contribution to the double-difference phase, resulting in an unwrapping error.
To evaluate the results of the time-series analysis, continuous GPS measurements were used. One GPS station (AVRZ) was established by NCC as a part of the Iranian Permanent Network for Geodynamics (IPGN) program in the third study area, as illustrated in Fig. 5 . 22 This station recorded data continuously from June 13, 2007 , to November 8, 2008 , with a gap between 2007 and 2008. The InSAR time series data collected at the location of the AVRZ station, in addition to the GPS measurements, are shown in Fig. 8 . The InSAR results demonstrated a good agreement with the GPS measurements for the period of their overlap. The RMSE between the GPS measurements and the InSAR time series results was estimated to be 1.11 cm.
Although the efficiency of the enhanced algorithm is affected by the above factors, the results show that the enhanced algorithm in this study is able to measure the displacement in a rural area with a high deformation rate, which is a significant improvement in the PSI approach.
Conclusions
In this paper, we introduced an enhanced algorithm that integrates the advantages of two different PSI methods to estimate the high deformation rate in a rural area lacking bright scatterers. One of the PSI methods, DePSI, cannot detect the PS pixels in a rural area lacking high-amplitude human-made structures. In contrast, the second PSI method, StaMPS, can successfully identify PS pixels in rural areas without assuming an a priori deformation model; however, it underestimates the deformation rate when it is too high relative to the sampling of the data in time because it uses the Nyquist sampling assumption in the phase-unwrapping step. In the proposed algorithm, the PS pixels are first selected by the amplitude analysis and phase stability estimation as used in StaMPS. The deformation rate and ambiguity parameter are then estimated using the LAMBDA method employed in DePSI.
The enhanced algorithm was applied to the descending dataset of the Tehran basin, given that none of the current PSI techniques can be correctly applied to the area. The available data consisted of 22 ENVISAT ASAR images of track 149 from 2003 to 2008. The maximum deformation rates estimated in three different subsets of the study area were 24.95, 15, and 14.5 cm∕year. The deformation time series at the different pixels indicate that the ground surface is continuously subsiding at a constant rate without significant seasonal fluctuations. 
